Organisms live in heterogeneous environments, so strategies that maximze fitness in such environments will evolve. Variation in traits is important because it is the raw material on which natural selection acts during evolution. Phenotypic variation is usually thought to be due to genetic variation and/or environmentally induced effects. Therefore, genetically identical individuals in a constant environment should have invariant traits. Clearly, genetically identical individuals do differ phenotypically, usually thought to be due to stochastic processes. It is now becoming clear, especially from studies of unicellular species, that phenotypic variance among genetically identical individuals in a constant environment can be genetically controlled and that therefore, in principle, this can be subject to selection. However, there has been little investigation of these phenomena in multicellular species. Here, we have studied the mean lifetime fecundity (thus a trait likely to be relevant to reproductive success), and variance in lifetime fecundity, in recently-wild isolates of the model nematode Caenorhabditis elegans. We found that these genotypes differed in their variance in lifetime fecundity: some had high variance in fecundity, others very low variance. We find that this variance in lifetime fecundity was negatively related to the mean lifetime fecundity of the lines, and that the variance of the lines was positively correlated between environments. We suggest that the variance in lifetime fecundity may be a bet-hedging strategy used by this species.
Introduction
Evolutionary success is achieved by maximizing fitness in spatially and temporally variable environments. Key to this is phenotypic variation, which can be due to genetic differences among individuals and/or due to environmentally induced effects, i.e. phenotypic plasticity. However, in a constant environment genetically identical individuals are assumed to be phenotypically constant. Phenotypic differences among such individuals are usually attributed to stochastic events that would generally result in equal degrees of phenotypic variance among different genotypes. Importantly, implicit in the assumption of stochasticity underlying phenotypic variance among genetically identical individuals is that the phenotypic variance is not genetically controlled, not subject to selection, and thus not adaptive.
Contrary to this assumption, phenotypic variance in isogenic populations in constant environments is observed (Viney and Reece 2013) . Beyond stochastically generated differences, microenvironmental differences among individuals, such that each individual is in effect in its own microenvironment, could also cause such phenotypic variance. However, the relative roles of stochasticity and microenvironmental differences in causing phenotypic variance are not known.
One adaptive explanation of the phenomenon of phenotypic variance in isogenic populations is the evolution of bet-hedging or risk-spreading strategies, which makes the link between environmental variability, fitness variance and mean fitness (Gillespie 1974) . Bet-hedging strategies are those that minimize fitness variation across generations in the face of environmental variation. Thus, when comparing phenotypically invariant and variant genotypes, an invariant genotype would have a certain fitness in one environment to which it was adapted, but a potentially steep fitness decline outside of that environment. In contrast, a phenotypically variant genotype could have a comparatively greater fitness in heterogeneous environments because its fitness would not decline so quickly as the environment changed. Therefore, phenotypic variance increases the fit phenotypic space of a genotype. The repeated observation of microorganismal phenotypic variance within a clone has been interpreted as maximizing fitness in variable environments (Dubnau and Losick 2006) . Other, related approaches to understanding phenotypic variance center around the concept of canlization of phenotypic traits, defined as the robustness of phenotypes to perturbation (Flatt 2005) . Despite much working demonstrating different degrees of canalization of different phenotypes, the significance of different degrees of phenotypic variation among genotypes has largely not been considered (Gibson and Dworkin 2004) .
Theoretical studies have shown how selection can change phenotypic variance (e.g. Gillespie 1974; Hill and Zhang 2004) and mechanistically phenotypic variance can be genetically controlled, changing the phenotypic robustness of a population (Hermisson and Wagner 2004) . Much of the empirical work describing the molecular and genetic mechanism of phenotypic variance of genetically identical individuals in constant environments has focused on unicellular systems (Davidson and Surette 2008; Viney and Reece 2013) . In many of these systems there is variability in gene expression (Maamar et al. 2007) , often affecting whole gene networks, which if manifest as phenotypic variance may allow selection to act on trait variance (Viney and Reece 2013) . The effect of mutations on trait variance (as well as on trait values) has been observed in multicellular organisms too (Dunn and Fraser 1958) . For example, wild-type mice have 18-19 whiskers, but the Tabby mutation results in fewer whiskers (mean 12) and a greater variance in whisker number (range 8-16) (Dunn and Fraser 1958) . There are also empirical data showing the genetic control of phenotypic variance among genetically identical individuals in a constant environment. For example, Caenorhabditis elegans mutations that affect the developmental cell lineage (which in wildtype is essentially invariant among individuals) are incompletely penetrant, i.e. genetically identical individuals vary phenotypically (Horvitz and Sulston 1980; Braendle and F elix 2008; Braendle et al. 2010) . In this system, there is a molecular understanding of how incomplete penetrance of C. elegans phenotypes occurs in certain traits. The specification of gut cells is controlled by a small transcription network and variation in gene expression near a threshold alters the phenotype of individuals, thereby altering penetrance (Raj et al. 2010) . Trait variance is of increasing interest in animal breeding settings where low trait variance can be desirable as a means to maximize production gains and agricultural efficiency. The study of trait variance has extended to studies in humans, for example looking at the genetic control of variability in body mass index (Yang et al. 2012) .
Laboratory studies of unicellular species show that among genetically identically individuals there is phenotypic variation that can be genetically controlled and that can be adaptive (Viney and Reece 2013) . For multicellular species, though, there has been much less investigation of these phenomena. Also, empirical data supporting the idea that phenotypic variance amongst genetically identical individuals in a constant environment may contribute to reproductive success is limited. Here, we quantified the phenotypic variance among genetically identical individuals in the model nematode system C. elegans. This system allows accurate quantitation of many aspects of individuals' phenotypes, crucially including lifetime fecundity. We have therefore examined the lifetime fecundity of C. elegans and, more particularly, how this varies among individuals. Specifically, we asked for an inbred line of C. elegans in one environment how much phenotypic variance in lifetime fecundity there was among individuals. We compared 20 recently wild isolates of C. elegans in this way and found that the among individual variation in lifetime fecundity of each line varied significantly among the C. elegans isolates. This means that the C. elegans genotype -a genetic effectaffects phenotypic variance. We then repeated this but using different food environments, which tests how the environment itself affects this phenotypic variance. These different environments changed the phenotypic variance of the lines. Also, within each food environment we found that there was a negative relationship between the lifetime fecundity and the among individual variance in lifetime fecundity. Furthermore, we found that these variances in lifetime fecundity correlated positively across the two food environments. We suggest that these results may show that these C. elegans isolates display a gradient of risk-spreading strategies.
Materials and Methods

Worms and food
We used 20 recently wild (see Appendix 1) C. elegans isolates and the standard N2 wild-type. For each isolate, one isogenic line was made by single-worm inbreeding for at least 10 generations (inbreeding coefficient > 0.9) and cryopreserved; hereafter these isogenic lines are referred to as lines. Each experiment used a new cryopreserved stock of the isogenic line. We used two food sources, Escherichia coli OP50 and Bacillus pumilus B215 (see Appendix 1).
Assays
Lifetime fecundity was the total number of viable progeny produced by individual hermaphrodites grown with excess food at 19°C. To measure this, arrested first stage larvae were generated by hypochlorite treatment from which synchronized L1s hatched, and after 24 hours 10 individuals of each line were individually introduced to food (day 0), with five individuals for each food source. Worms grew into adult hermaphrodites, which were transferred every other day to NGM fresh plates (Hope 1999) for their reproductive life. Egg-containing plates (from which adult hermaphrodites had been removed) were maintained for 48 hours, when the number of viable progeny were counted. We conducted the observations in three experimental blocks, and all lines and both food sources were included in each block; thus, 3 blocks 9 21 lines 9 5 worm replicates = 315 individual observations per food source (see Appendix 2: Tables A2 and A3). We found no differences among the blocks (see below) and so the block data for each food source was pooled.
Statistical models and analyses
Our objectives were to analyse how the (i) mean lifetime fecundity (LF) and (ii) the variance in LF varied among the C. elegans lines and between the two food sources. We used a Bayesian modelling approach, using a hierarchical linear model, to compare different distributions of the mean LF and the variance in LF. From this we then concluded how the LF and variance in LF varied among the lines and between the two food sources.
Our initial Model 1 was:
where LF i is the LF of the ith individual worm of all of the observations that we made, N denotes a normal distribution, l is the mean LF across the i observations (i = 315), and r 2 is the variance across LF observations. l has an N(0, 1e10) prior distribution and the precisions s = 1/r 2 has G (0.001, 0.001) prior (so the gamma distribution has extremely large standard deviations). The relevant computer code for these models is available in Appendix 3.
The worms were grown in two different food environments so we applied Model 1 to the LF data from these two food environments separately. This showed that the mean LF of the lines differed significantly between the two food environments, shown by the non overlap of the credible intervals (CI) of the mean LF; mean LF on B. pumilus 98.76, CI 91.31-106.3; mean LF on E. coli 244.9, CI 236.3-253.6. We therefore analysed the LF from the two food environments separately.
We next extended Model 1 to make Model 2:
which models the data such that each C. elegans line, j (j = 1. . .21), has its own mean LF, denoted by l j , but all lines have the same variance in LF, denoted by r 2 , referred to as the residual variance. This model has a l j with an N (h, r ; these are presented expressed as percentages. If Model 2 was a better model than Model 1 then we concluded that the C. elegans lines have different LF. We describe later in this section how we compared models.
We then extended Model 2 to make Model 3:
which models the data such that each C. elegans line, j, also has its own variance in LF, denoted by r 2 within line j . This model had with an N (h, r 2 ) prior distribution, a N (0, 1e10) hyperprior and the precisions are s within line j = 1/r 2 within line j and s = 1/r 2 , both have G (0.001, 0.001) priors. If Model 3 was a better model than Model 2 then we concluded that the C. elegans lines have different variances in LF.
We used the same approach to investigate whether there were differences in LF among the different experimental blocks. We did this by extending Model 3, making Model 4:
( Model 4) which accounts for the three experimental blocks by including the term a k , where k is the number of experimental blocks (k = 3), with a N (0, 1) prior. When we used this model it was unable to converge on a solution for this coefficient (i.e. an identifiability issue, Spiegelhalter et al. 2002) . This suggests either that the block effect was negligible or that the dataset was too small to allow for an analysis of block effects. We therefore reduced the number of terms in the model to test for an effect of experimental block by extending Model 2 to include the experimental block parameter, a k , making Model 5:
If Model 5 was a better model than Model 2 we concluded that there are significant effects of the three experimental blocks.
We compared models by calculating the differences in deviance information criterion (DDIC) between two models. To choose the best model, a DDIC of less than 2 was taken to indicate substantial support for the simpler model, a DDIC of between 4 and 7 was taken to indicate considerably less support for the simpler model, and a DDIC of greater than 10 was taken to indicate essentially no support for the simpler model (Spiegelhalter et al. 2002) .
We constructed the models using WinBUGS, which is a software package that uses Markov chain Monte Carlo (MCMC) methods to fit Bayesian statistical models (Lunn et al. 2000) ; this code is available in Appendix 3; Table A1 presents the DIC values of models 1 -3. For the results, the reported parameters are after 10,000 iterations, then followed by a further 10,000 updates for the parameters. This produced a Monte Carlo error of less than 5% of the posterior standard deviation. Throughout the variance is described as standard deviations unless otherwise stated; estimates are presented as the mean with its respective 2.5 and 97.5% CI.
Results
We firstly consider whether there was any effect of the experimental block. There was no effect of experimental block on the mean LF of the lines, shown by the DDIC, on the B. pumilus food source (DDIC Model 3 -Model 4 = 0.11; DDIC Model 2 -Model 5 = À0.1) or on the E. coli food source (DDIC Model 3 -Model 4 = 0.74; DDIC Model 2 -Model 5 = 0.53), and so data from all three blocks were analysed together.
The mean LF varied between the two food sources with those worms eating B. pumilius having approximately two-fifths of the progeny of worms eating E. coli (see Appendix 2 Table A1 We then further explored the differences among lines by describing the variation within each line; specifically, we wanted to test whether including an extra parameter to describe the within line variance in LF for each line improved the fit of the model. The analysis showed that Model 3, which included the within line variance, was the Table A1 (A) and Fig. A1 ]. Line 7 showed a variance 21 times higher than that of line 3. Therefore, we conclude that in the B. pumilus food source there were significant differences in the mean LF among lines, and in the within line variance in LF. We also found that the lines' coefficient of variation (CV) and mean lifetime fecundity were correlated (Spearman coefficient r = À0.59, P < 0.01) (Fig. 1B) . The lines did not differ in their schedule of reproduction, all commenced reproduction on day 2 and had completed it by day 8. The E. coli food environment was significantly better than the B. pumilus environment, with the lines producing an average of 151 more offspring ( Fig. 2A) Fig. A2 ). Therefore, similarly to the B. pumilus food environment, we conclude that in the E. coli food environment there were significant differences in the mean LF among lines and in the within line variance in LF.
In the E. coli environment there was a significant negative relationship between the mean and CV LF of the lines (r = À0.88, P < 0.001) (Fig. 2B) . Reproduction occurred earlier on the E. coli food source (E. coli and B. pumilus maximum daily fecundity on day 2 and 4 respectively).
The within line variance in LF was greater in the poorer quality B. pumilus environment (shown by the CV values in each environment) showing that within line variance in LF is phenotypically plastic (Appendix 2 Fig. A3 ). There was a relationship in the CVs of the lines in the two food environments (r = 0.62, P = 0.002) (Fig. 3) , but there was no such relationship between the LF of the lines (r = 0.29, P = 0.20). 
Discussion
Our results show that variance in lifetime fecundity within an isogenic line differs among C. elegans isogenic lines, thus suggesting there is a genetic effect on phenotypic variance. Specifically, we demonstrate that in the same environment, genetically identical individuals show different levels of among individual phenotypic variation depending on the genotype. There are genotypes with low phenotypic variation and others with high phenotypic variation. We therefore conclude that this phenotypic variance is a property of a genotype. These results show that the assumption of the equality of phenotypic variance among genotypes is, in this case, false. Furthermore, that we observed that this phenotypic variance differed among recently wild genotypes suggests that this variance may be due to the genotypes' different evolutionary histories. Consistent with this notion is the fact that this phenotypic variance was plastic between the two food environments (Viney and Diaz 2012) . Specifically, we find that the absolute degree of phenotypic variance of each of the lines changes as the food environment changes. However, each isogenic line's among-individual variation is similar in both of the two food environments as shown by the positive correlation between CVs. This suggests that although the environment affects the absolute level of variation (i.e. higher in the poorer quality environment) isogenic lines show a similar level of variation across environments.
We have also found that among the C. elegans iosgenic lines the variance in lifetime fecundity is negatively related to mean lifetime fecundity. Why might this pattern exist? We suggest that this may be evidence of different bet hedging strategies. Bet-hedging strategies maximize geometric mean fitness, but at a cost to arithmetic mean fitness. A detailed analysis of bet-hedging strategies has shown that this can be achieved (i) by reducing among individual variance in fitness across generations and (ii) by reducing the correlation in fitness among individuals within a generation (because this effectively decreases the variance in fitness across generations) with these approaches being considered conservative and diversified bet-hedging strategies respectively (Starrfelt and Kokko 2012) . Conservative and diversified bet-hedging strategies are extremes along a continuum and both strategies can occur together because they are not mutually exclusive (Starrfelt and Kokko 2012) .
To consider our observations with the perspective of bet-hedging strategies, let us assume that the variance in lifetime fecundity is a measure of the variance in the quality of the worms. With this assumption, the C. elegans lines then have different ranges of offspring quality. Considering the negative relationship that we observed between the mean and CV of lifetime fecundity, then among the 21 lines there are a gradient of phenotypes where the extremes are (i) lines of high fecundity, low among individual variance-in-quality through to (ii) lines of low fecundity, high among-individual variancein-quality.
With this assumption, the low variance lines may be pursuing a conservative bet-hedging strategy, perhaps adapted to a stable, benign environment, such that the variance in fitness across generations is small. In contrast, the high variance lines may be using a diversified bet-hedging strategy, perhaps adapted to a spatially variable environment (Starrfelt and Kokko 2012) where within a generation there is variance among individuals in their fitness, but across generations the fitness variance is minimized, thereby maximizing geometric mean fitness.
The existence of high variance, low fecundity, lines might be puzzling because it would be seem to better for these high variance lines to have a high fecundity too. One reason for this may be that there is some limit or trade-off among individual progeny, such that if one individual offspring is high quality (observed here as having a high lifetime fecundity) other individuals have to be of low quality. This could be achieved in C. elegans, for example, by adult hermaphrodites differently allocating resources among offspring, which results in differences among individuals in their quality, which we observe as differences in lifetime fecundity. There are caveats to interpreting the phenotypes of these lines as bet-hedging strategies. Thus, it is possible that in other environments the lines' lifetime fecundity and variance in lifetime fecundity will differ in other ways, and present other patterns (or no pattern at all), which might then argue against such a bet-hedging strategy existing in this species. More needs to be known about the natural environment of C. elegans, which is a subject of current work (F elix and Duveau 2012).
Our results can also be interpreted from the perspective of trait canalization (Flatt 2005) . We have found that the lines differ in their variability in lifetime fecundity, which is consistent with some lines being strongly canalized for this trait whereas others are not (Baer 2008; Braendle et al. 2010) . This view is then tacit about the adaptive value, if any, of this.
Other studies have shown how among individual, within genotype phenotypic variance can occur (e.g. Horvitz and Sulston 1980; Braendle and F elix 2008) . A common understanding of the control of a trait is that it is tightly genetically controlled, and that relaxation of that control (for example by mutation) degrades the trait, seen as developmental errors or incomplete penetrance. Our results show that phenotypic variance in lifetime fecundity is a property of a genotype. 
